ABSTRACT. Aflatoxin contamination in agricultural products
s one of the major agricultural crops around the world, corn has been cultivated for thousands of years (Brown et al., 2013) . It is an important source of food and feed, and also provides feedstock for biofuel production (Brown et al., 2013) . Contamination by aflatoxins has been an important and chronic problem in the corn industry. Aflatoxins are secondary metabolites produced by aflatoxigenic fungi, primarily Aspergillus flavus and Aspergillus parasiticus. Aflatoxin contamination is more likely to occur under heat and drought stress in the field (Payne, 1998) and under improperly managed storage conditions. Because aflatoxins are potent carcinogens associated with severe health hazards in humans and animals (Guo et al., 2008) , strict guidelines regarding acceptable limits have been set up in many countries. In the U.S., the action levels for total aflatoxins (B1, B2, G1, G2) are regulated by the U.S. Food and Drug Administration (FDA) and are 20 ppb (parts per billion) for food and 100 ppb for corn and peanut feed products. In the European Union, the limits for aflatoxin B1 and total aflatoxins in food intended for direct human consumption are 2 and 4 ppb, respectively (FAO, 2004) . Therefore, it is necessary to eliminate contamination above the regulated levels after harvest and drying in order to prevent aflatoxins from flowing into the food and feed chains. The currently employed methods for aflatoxin analysis, such as high-performance liquid chromatography and thin-layer chromatography, can provide accurate results, but the procedures are usually time-consuming, sample-destructive, and expensive (Turner et al., 2009 ). Moreover, sampling-based analyses often give a limited view of the contamination level due to the highly uneven distribution of aflatoxins in corn samples (Pearson et al., 2001; Shotwell et al., 1972) and insufficient sampling size.
In recent decades, research interest in spectroscopy and hyperspectral imaging techniques has been thriving due to their potential for rapid and non-destructive analysis for food quality and safety with little or no sample preparation. One optical mode commonly adopted for aflatoxin detection in agricultural products is fluorescence under ultraviolet (UV) light excitation. Fluorescence refers to the natural, intrinsic emission of some inorganic or organic substances when excited with high-intensity short-wavelength radiation such as UV lamps or laser sources (Yao et al., 2013b) . The emitted fluorescence is usually located in the longer wavelengths and can be captured with spectroscopic measurement or a hyperspectral imaging system. Earlier studies of fluorescence spectra found that aflatoxin-contaminated agricultural products exhibited bright greenish yellow fluorescence (BGYF) under 365 nm UV excitation (Shotwell et al., 1972) . BGYF is produced through the reaction of peroxidase in a "living" host plant with kojic acid, which is a secondary metabolite of A. flavus (Marsh et al., 1969) . The BGYF phenomenon was used as a presumptive test for aflatoxin contamination in corn (Shotwell and Hesseltine, 1981) and various agricultural products (Bothast and Hesseltine, 1975) . However, in addition to the subjectivity of BGYF visual inspection and the negative effects of exposure to UV radiation on human health, this method is not reliable. BGYF occurs in healthy corn when infected by non-aflatoxigenic strains (Wicklow, 1999) and may be absent from aflatoxin-contaminated corn with long storage time (FDA, 2014) . Fortunately, with the advances in spectroscopic instruments and chemometric algorithms, fluorescence signals of both contaminated and healthy samples were recorded and analyzed to uncover their spectral differences and identify contaminated samples.
Fluorescence spectroscopy and hyperspectral imaging have been applied in the detection of aflatoxin contamination in various agricultural products. Smeesters et al. (2015) investigated the fluorescence spectra of aflatoxin-contaminated and healthy corn samples under different excitation wavelengths. Differences in both of the maximum fluorescence intensity and the emission wavelength were observed for the two groups. The intensity ratio of the integrated fluorescence at 475 to 550 nm to the integrated fluorescence at 400 to 475 nm showed a clear distinction between contaminated and healthy samples. Laser-induced fluorescence spectroscopy was employed to measure the concentration of different types of aflatoxins in pistachio nuts (Paghaleh et al., 2015) . Studies using fluorescence hyperspectral imaging under 365 nm UV excitation were carried out to differentiate aflatoxin-contaminated and healthy corn kernels using either mean spectra-based methods (Yao et al., 2010 (Yao et al., , 2013a or pixel-based methods (Yao et al., 2013b) . The normalized difference fluorescence index (NDFI) with two key wavelengths (437 and 537 nm) was found to have a correlation of 0.81 with aflatoxin concentration in corn kernels (Yao et al., 2013b) . For detection of aflatoxin-contaminated and moldinfected figs, fluorescence multispectral imaging was applied, and error rates of 11.98% and 9.38%, respectively, were achieved (Kalkan et al., 2014) . The algorithm of local discriminant bases (LDB) was used to extract discriminative features from fluorescence multispectral images for classification of aflatoxin-contaminated and healthy hazelnut kernels and red chili peppers, achieving the lowest error rates of 10.34% and 20.83%, respectively (Kalkan et al., 2011) .
Another common optical mode is reflectance under halogen light illumination. As Pearson et al. (2001) stated, some chemical and optical properties of whole corn kernels are prone to be affected by prevalent infestation of Aspergillus fungi and may be detected with visible near-infrared (VNIR) spectroscopy. Both reflectance (550-1700 nm) and transmittance (500-950 nm) VNIR spectroscopy, in their study, obtained high accuracy in detecting kernels with low (<10 ppb) or high (>100 ppb) aflatoxin levels. Reflectance spectroscopy was also employed for detection of aflatoxin-contaminated corn and barley samples with dispersive (400-2500 nm) and Fourier transform (1112-2500 nm) spectrophotometers (Fernández-Ibañez et al., 2009) . Lee et al. (2015) used reflectance near-infrared (NIR) and mid-infrared (MIR) spectroscopy to assess aflatoxin contamination in ground corn samples. Different classification algorithms of linear discriminant analysis (LDA), k-nearest neighbor (KNN), and partial least squares discriminant analysis (PLSDA) were applied in the study. The potential of reflectance hyperspectral imaging in the spectral range of 400-1000 nm for early detection of aflatoxigenic fungal strains on corn kernels was described by Del Fiore et al. (2010) . Two important wavelengths (410 and 470 nm) were identified, allowing observation of statistical differences in fungal contamination on kernels just 48 h after laboratory inoculation.
In the above investigations concerning aflatoxin detection, a single optical mode was used to acquire either fluorescence or reflectance signals. In a study that classified red chili peppers into aflatoxin-contaminated and healthy groups using hyperspectral imaging, both optical modes were implemented for comparison purposes (Ataş et al., 2012) . Because fluorescence and reflectance are different mechanisms by which light interacts with substances, they may be complementary in providing classification information. Both fluorescence and reflectance hyperspectral images were recorded in the present study, which is considered the first attempt to integrate these two kinds of spectra for examining the potential improvement of classification accuracy, while assessing their different contributions to aflatoxin detection in corn kernels.
MATERIALS AND METHODS

SAMPLE PREPARATION
The planting and inoculation of yellow corn plants was carried out in experimental plots at Mississippi State University in Starkville, Mississippi. An aflatoxigenic fungal isolate of A. flavus (NRRL 3357) was used to inoculate corn ears at the early dough/late milk stage of kernel development. This fungal strain was obtained from the USDA-ARS Mississippi State University (MSU) research group in Starkville, Mississippi. The isolate was grown in a flask containing 50 g of sterile corncob grits (size 2040, Grit-o'Cobs, Andersons, Inc., Maumee, Ohio) in 100 mL of sterile distilled water. The flask was incubated at 28°C for three weeks, and the conidia were separated from the grits by rinsing with 500 mL of sterile distilled water containing Tween-20 and subsequent filtering through four layers of sterile cheesecloth. The concentration of conidia was measured using a haemocytometer and adjusted with sterile distilled water to reach a concentration of 9 × 10 7 conidia mL -1
. A 12-gauge stainless steel needle was used to inject about 3.0 mL of inoculum through the husk into kernels for artificial corn ear inoculation. After harvest, the corn ears were shucked, dried, and wiped clean.
Before imaging, all whole corn ears were first examined under UV light to determine the locations of kernels infected with fungi. Three groups of kernels were extracted based on visual inspection. Kernels that showed fluorescence under UV excitation were identified as the glowing group. Kernels that were located directly next to glowing kernels, but did not exhibit fluorescence themselves, were identified as the adjacent group. The control group contained kernels extracted from healthy corn ears or kernels that were far away from the inoculation site. Kernels were carefully extracted from corn ears using a small stainless steel laboratory spatula, and then bagged and labeled. Because the needle inoculation often induced damage to individual kernels, only whole, intact kernels were selected for imaging and further treatments. Altogether, 300 kernels were extracted, with 90, 90, and 120 kernels in the glowing, adjacent, and control groups, respectively.
ACQUISITION OF FLUORESCENCE AND REFLECTANCE HYPERSPECTRAL IMAGES
The hyperspectral imaging system used in this study is shown in figure 1 . It is consisted of a 14-bit, high-resolution CCD camera (PCO1600, Cooke Corp., Romulus, Mich.), a spectrograph (ImSpector V10E, Spectral Imaging Ltd., Oulu, Finland), a 35 mm lens, an illumination module, a control computer, a platform, a rigid supporting frame, and an IEEE 1394 Firewire link for transferring image data. The illumination module consisted of two kinds of independent light sources for fluorescence and reflectance measurements. Fluorescence measurement was performed under the excitation of two longwave ultraviolet (UV-A) lamps (model XX-15A, Thermo Fisher Scientific, Waltham, Mass.) with wavelength centered at 365 nm. The excitation filter was mounted in front of the UV lamp to transmit light peaked at 365 nm and block light above 400 nm. In addition, an emission filter was attached in front of the lens to prevent light at wavelengths below approximately 400 nm from entering the spectrograph. For reflectance measurement, two 100 W halogen lamps (Versalite, NRG Research, Inc., Merlin, Ore.) were mounted above targeted samples to provide illumination. The distance from the bottom of the lens to the target was 21.59 cm. More details on the hyperspectral imaging system can be found in Yao et al. (2013b) .
Hyperspectral images were acquired in a dark laboratory without external light. For calibrating the fluorescence, a dark current image was recorded after turning off all lights and covering the lens completely with an opaque cap. For calibration of reflectance, in addition to the dark current image, a white reference image was also recorded using a standard white panel (Spectralon SRT-99-100 UV-VIS-NIR diffuse reflectance target, LabSphere, Inc., North Sutton, N.H.). Thirty kernels were arranged in a black-painted, nonreflective, shallow tray that had a grid of small circular depressions to hold individual kernels. Both fluorescence and reflectance measurements were implemented for each tray, with integration times of 500 and 50 ms, respectively. To investigate the spectral difference between the two sides of kernels (endosperm and germ), all kernels were imaged on both sides separately. Thus, 20 fluorescence and 20 reflectance hyperspectral images, including both sides, were recorded in total.
CHEMICAL AFLATOXIN ANALYSIS
After imaging, the kernels were transferred to individually labeled paper bags (one kernel per bag) and placed in a 60°C oven for two days. Each kernel was then subjected to standard chemical analysis for determination of its reference aflatoxin concentration. The chemical procedure for single kernel analysis was adjusted from the AflaTest protocol (VICAM, Milford, Mass.), which is one of the USDA-approved laboratory methods for aflatoxin determination. The detailed procedure for chemical analysis can be found in Yao et al. (2010) .
IMAGE PREPROCESSING AND EXTRACTION OF MEAN SPECTRA
The fluorescence and reflectance raw hyperspectral images were preprocessed separately. For fluorescence images, the first preprocessing step was calibration by subtracting the dark current image to remove background sensor noise. The second step was band assignment with appropriate wavelengths. Due to the noisy and weak fluorescence signal above 700 nm, spectral images with wavelengths ranging from 398.77 to 700.82 nm, with 106 bands, were kept for further processing. The last step was random noise elimination using a low-pass spectral filter (with a window size of five bands) for each pixel. For preprocessing of reflectance images, calibration was carried out as the first step to acquire percentage reflectance based on the dark and white images previously captured. The second step of band assignment and the third step of noise removal were the same as described for fluorescence image preprocessing. The resulting reflectance images had 145 bands with wavelengths from 460.87 to 876.99 nm.
Following preprocessing, hyperspectral images were imported into ENVI software to create a region of interest (ROI) for each kernel through band-thresholding. The adopted threshold values were 50 at band 37 (501.47 nm) for fluorescence images and 15 at band 106 (700.82 nm) for reflectance images. These threshold values were based on an empirical experiment for the best segmenting of kernels and background while keeping the targeted kernel area as large as possible. An example of ROI creation is shown in figure 2. Subsequently, for each ROI, spectra were extracted from all pixels and averaged into one mean spectrum representing the corresponding kernel. This procedure was repeated for all kernel ROIs and implemented with a program in ENVI/IDL (Harris Visual Information Solutions, Boulder, Colo.). For the endosperm and germ sides, two fluorescence spectral matrixes of 300 (number of samples) × 106 (number of bands) were created, respectively, and two reflectance matrixes of 300 × 145 were created, respectively.
DATA COMPRESSION AND CLASSIFICATION
The 300 total samples were randomly divided into a training set and a prediction set at a 50/50 ratio. Thus, both sets had 150 samples, with 45, 45, and 60 samples from the glowing, adjacent, and control groups, respectively. For either the fluorescence or reflectance dataset with either the endosperm or germ side, the same training and prediction samples were allocated for comparison and integration purposes. The chosen classification algorithms in the present study were least squares support vector machines (LS-SVM) and knearest neighbor (KNN). LS-SVM (proposed by Suykens et al., 2002) are reformulations of standard SVM that lead to solving linear equations instead of a quadratic programming problem. Thus, nonlinear multivariate classification and regression problems can be solved using LS-SVM with lower computational cost. KNN is another classical machine learning method, and it is very simple and intuitive. It classifies unlabeled examples based on their similarity with examples in the training set. In this study, the extracted spectral data, with more than 100 variables, were usually intercorrelated and even redundant, and more variables would be introduced if fluorescence and reflectance data were integrated in raw format. Because KNN calculates the Euclidean distances from the newly fed prediction sample to all training samples along all dimensions, spectral dimension reduction prior to classification was necessary and might improve the classification efficiency and accuracy.
Principal component analysis (PCA), a widely used method for data compression and interpretation as well as information extraction, was adopted. Through orthogonal transformation, PCA finds far fewer independent components to maximize representation of the original data. Thus, redundant data can be largely reduced without losing much useful information. In the present study, fluorescence and reflectance spectral information from one side of the kernels (endosperm or germ) was integrated after their separate PCA compression. However, the data range of fluorescence and reflectance spectra are quite different due to the different calibration procedures for fluorescence and reflectance images. Therefore, it is indispensable to normalize each dataset individually prior to PCA. Moreover, to maintain independence between the training and prediction datasets, regardless of the dataset analyzed (fluorescence with endosperm or germ, and reflectance with endosperm or germ), data normalization and PCA calculation were not carried out at one time for the total data of 300 samples. Instead, first only the spectral variables of the training dataset were normalized and rotated to PC spaces, and then the spectral variables of the prediction dataset were normalized, using the same transforming rule used by the training dataset, and then projected to the same PC spaces as the rotated training dataset. MATLAB (MathWorks, Natick, Mass.) was used for PCA analysis.
After PCA calculation, based on the percentage of the total variance explained by each PC in the training samples, a few first PC variables were retained from both the training and prediction sets to substitute for the original spectral variables. According to FDA regulations regarding aflatoxin action levels in food and corn feed, two thresholds (20 and 100 ppb) were used separately to label each kernel sample as contaminated (+1) or healthy (-1). Hence, for each dataset analysis (fluorescence or reflectance or combined fluorescence and reflectance) with endosperm or germ side, two kinds of classification problems with different threshold values had to be addressed. Of the 300 kernels individually analyzed for aflatoxins, 79 contained aflatoxin levels greater than or equal to 20 ppb, 75 contained aflatoxin levels greater than or equal to 100 ppb, 59 contained aflatoxin levels greater than or equal to 2000 ppb, and 26 contained aflatoxin levels greater than or equal to 10,000 ppb. Based on the 20 ppb threshold, 79 samples (41 for training, 38 for prediction) were labeled as contaminated, while the remaining 221 (
The compressed PC variables and their corresponding Y values (-1 or +1) were then imported into the LS-SVM and KNN algorithms, respectively, to classify samples as contaminated or healthy. The LS-SVM classifier with radial basis function (RBF) kernel was implemented in MATLAB. For the KNN classifier, a cross-validation method was employed to determine the best k value, with the maximum value for k set as 11 in Weka software (Hall et al., 2009) . Additionally, because the number of healthy samples was higher than that of contaminated samples in this study, distance weighting with 1/distance was used in KNN to balance the problem of uneven distribution of the samples.
RESULTS AND DISCUSSION
OVERVIEW OF FLUORESCENCE AND REFLECTANCE SPECTRAL CURVES
The mean fluorescence spectra of kernels (endosperm and germ sides) are shown in figure 3a for the three visually designated groups (glowing, adjacent, and control) and in figure 3b for the three contamination groups (above 100 ppb, 20 to 100 ppb, and below 20 ppb). The corn fluorescence emission signal is mainly distributed in the blue and green regions, with an emission peak located in the range of 450 to 500 nm.
In figure 3a , the spectral curves are very similar for the endosperm and germ sides, except for the higher fluorescence intensity exhibited by the germ side. A fluorescence peak shift was observed among the three groups of kernels. Peaks of control groups are located at shorter wavelengths, while peaks of glowing groups are obviously shifted toward longer wavelengths. Another difference among the three groups is the fluorescence intensity, with both glowing groups exhibiting the lowest fluorescence signals. For the glowing kernels, the glow identifiable by human eyes under UV excitation is referred to as BGYF. As discussed earlier, BGYF visual inspection is no longer regarded as a reliable indication of aflatoxin contamination. However, in this study where corn was artificially inoculated with an aflatoxigenic strain of A. flavus, glowing kernels generally had very high contamination levels.
For the above reason, the fluorescence spectral curves of the glowing groups in figure 3a were similar to those of groups with aflatoxin above 100 ppb in figure 3b , where the latter groups had peaks shifted slightly to longer wavelengths. The differences in both the peak shift and fluorescence intensity between the glowing groups and the other groups in figure 3a were also observed in figure 3b for the different contamination groups. In particular, kernels with higher contamination levels had fluorescence peaks shifted to longer wavelengths with lower intensity. The peak shifts from the groups with aflatoxin below 20 ppb to the groups with aflatoxin above 100 ppb were around 17 nm for both the endosperm and germ sides. This observation might provide important clues for aflatoxin detection. Similar spectral changes in corn kernels caused by aflatoxin contamination were reported in previous studies (Smeesters et al., 2015; Yao et al., 2010 Yao et al., , 2013a Yao et al., , 2013b . The peak shift from contaminated corn kernels might be induced by the production of secondary metabolites, such as kojic acid and aflatoxins, by A. flavus (Klich, 2007) . Because the group with aflatoxin levels between 20 and 100 ppb in this study contained only four samples, the small sample size might not provide representative spectral curves for the 20 to 100 ppb group, especially on the endosperm side. This is the reason for the absence of a fluorescence peak difference between the 20 to 100 ppb group and the <20 ppb group for the endosperm side. However, a peak difference of about 6 nm was observed for the germ side. This might indicate higher fluorescence sensitivity of the germ side to aflatoxin contamination, and thus the germ side might be more useful in differentiating contaminated and healthy kernels using fluorescence spectra. Figure 4 shows the mean reflectance spectra for the three visually designated groups ( fig. 4a ) and the three contamination groups ( fig. 4b ) for both sides of the kernels. No obvious differences existed between the endosperm and germ sides for all groups in terms of curve shape and reflectance magnitude. As explained before, the reflectance spectral curves of the glowing groups in figure 4a tended to be similar to those of the groups with aflatoxin above 100 ppb in figure 4b. In comparison with the other groups, these two groups (glowing groups and ≥100 ppb groups) had distinct features. One aspect was their lower percentage reflectance. This was similar to the phenomenon of higher absorbance (lower reflectance, as absorbance = log[1/reflectance]) below 850 nm for kernels with aflatoxin greater than 100 ppb, as reported by Pearson et al. (2001) . The discoloration of the contaminated kernels might be the primary reason for the lower reflectance values (Pearson et al., 2001) . Another aspect was the different shape of their reflectance curves compared with those of the other groups. The main difference occurred in the range of approximately 700 to 800 nm, where the reflectance of the glowing groups and the ≥100 ppb groups increased, while reflectance of all other groups decreased in that range. This might provide important information for classifying contaminated and healthy kernels. In figure 4b , for both endosperm and germ sides, the reflectance magnitudes of the 20 to 100 ppb groups and the <20 ppb groups were similar, which might be due to the small sample size for aflatoxin levels between 20 and 100 ppb. However, compared with the <20 ppb groups, the reflectance of 20 to 100 ppb groups decreased more slowly from 700 to 800 nm, which might be a sign of intermediate aflatoxin contamination.
PCA INTERPRETATION
Overall, four spectral datasets (fluorescence with endosperm or germ, and reflectance with endosperm or germ) were compressed and interpreted separately using PCA. Regardless of which dataset was analyzed, PCA calculations on the training samples showed that the first three PC scores could explain over 99% of the total data variance. Thus, the first three PCs were good representations of the original spectral information and were retained for both the training and prediction sets. Figure 5 shows scatter plots of the first three PC variables of the training samples for fluorescence and reflectance spectra with both endosperm and germ sides. Sample points are marked as contaminated or healthy with the 20 ppb threshold. Although PCA calculation is only based on the spectral information of kernels without considering their labeled classes, a certain degree of separation of the contaminated and healthy groups was observed in all four plots, which demonstrates the spectral changes in corn kernels caused by aflatoxin contamination. The separability was similar using either fluorescence or reflectance with either the endosperm or germ side. In comparison with healthy samples, contaminated samples generally showed a larger variance due to their variable aflatoxin concentrations. Slightly better separation might be presented using the 100 ppb threshold (data not shown). However, the PC scatter plots only give visual separation of contaminated and healthy samples. Classification algorithms were then applied to the PC variables in both the training and prediction sets to provide accurate separation results.
CLASSIFICATION OF CONTAMINATED AND HEALTHY KERNELS
After PCA calculation, four sets of PC variables (florescence with endosperm or germ, and reflectance with endosperm or germ) were extracted. For integrating different optical techniques, fluorescence and reflectance PC variables from one side of the kernels (endosperm or germ) were combined. Thus, six sets of PC variables were used to classify contaminated and healthy samples based on the thresholds of 20 and 100 ppb. The LS-SVM and KNN classification results (confusion matrix) of the prediction samples for both sides of the kernels using fluorescence, reflectance, and integrated fluorescence and reflectance are shown in tables 1, 2, and 3, respectively.
In these three tables, all models achieved satisfactory accuracy for classifying contaminated and healthy kernels. The best overall accuracy was 95.33% for the LS-SVM model with the 100 ppb threshold on the germ side in the integrated analysis (table 3) . Overall, KNN achieved classification results comparable with those of LS-SVM, although it is a much simpler algorithm. The advantage of LS-SVM was more obvious only in the reflectance analysis. The results based on the 100 ppb threshold were in general slightly superior to the results based on the 20 ppb threshold. This may have occurred because of greater similarity between samples with aflatoxin levels between 20 and 100 ppb and with <20 ppb than with the ≥100 ppb samples in both the fluorescence and reflectance spectra. Except for the LS-SVM prediction results in the reflectance analysis, the classification results for the germ side were better than those for the endosperm side. Additionally, the accuracy of contaminated samples classified as contaminated (true positive rate, TPR) was higher for the germ side than for the endosperm side for all classification models. Compared with the endosperm side, the averaged TPR of the germ side was 9.33%, 4.66%, 10.65% higher using fluorescence, reflectance, and integrated fluorescence and reflectance, respectively. TPR is particularly important if the primary concern of classification is discarding contaminated kernels to avoid aflatoxin entering the food and feed markets. In a study using reflectance VNIR spectroscopy for aflatoxin detection in corn kernels (Pearson et al., 2001) , spectra collected from the germ side also performed better. A possible explanation could be that after injecting inoculum into the corn ear, fungal infection progressed from the inside of the ear through the tip cap and into the oil-rich germ side first (Gao and Kolomiets, 2009; Pearson and Wicklow, 2006) and thus would be more prevalent in the germ (Pearson et al., 2001) . Because the germ side was more useful in discriminating contaminated and healthy kernels, for either single or integrated measurements, a screening system capable of determining kernel orientation might improve detection accuracy, especially for higher TPR.
Although fluorescence and reflectance have different optical mechanisms in interacting with substances, they generally achieved similar classification accuracies, except that the results for the endosperm and germ sides in the reflectance analysis were closer than those in the fluorescence analysis. Compared with reflectance, fluorescence intensity was relatively lower, even with prolonged data acquisition time, due to the low fluorescence quantum yields from biological samples under UV-A light excitation (Zhang et al., 2012) . A more powerful UV excitation source might be helpful in generating stronger fluorescence emissions. A more efficient CCD light quantum catching camera could also potentially accelerate data acquisition and improve detection accuracy for fluorescence hyperspectral imaging. Reflectance mode is easier to operate than fluorescence mode and has proven to be a valuable tool in classifying contaminated and healthy kernels in this study. However, most of the reflectance VNIR light reaching the sensor may have interacted only with the kernel surface, revealing mainly the color alteration induced by aflatoxin contamination. Because discoloration of kernels could also occur when corn ears are infected with other types of fungi (Pearson and Wicklow, 2006) or even insects, aflatoxin detection accuracy based on reflectance spectra might diminish in situations where crosscontamination occurs. In contrast, fluorescence is considered a sensitive optical technique for detecting subtle changes in biological materials (Kim et al., 2003) . Therefore, fluorescence and reflectance may complement each other in providing classification information.
The integration of fluorescence and reflectance spectra achieved better classification results than separate fluorescence or reflectance analysis only for the germ side and was 2.00% and 1.34% higher in average for the 20 and 100 ppb based classifications, respectively, than using fluorescence alone, and 3.00% and 2.33% higher in average for the 20 and 100 ppb based classifications, respectively, than using reflectance alone. Although the overall improvement in accuracy is not impressive, the TPR of the germ side increased from an average of 84.02% in the fluorescence analysis and 83.34% in the reflectance analysis to an average of 90.01% in the integrated analysis. The mean aflatoxin concentration in the prediction samples was 2662.01 ppb prior to classification. This high value was derived from the generally high aflatoxin level of contaminated kernels in this study in spite of the lower number of contaminated kernels compared to healthy kernels. The mean aflatoxin concentration was also calculated separately after removal of samples that were classified as contaminated by all models for the germ side. The calculated values were pooled for the different models with different thresholds for fluorescence analysis, reflectance analysis, and integrated analysis, showing that the mean aflatoxin concentration decreased to 64.04, 87.33, and 7.59 ppb, respectively. Therefore, the integration technique for the germ side has potential for accurate and thorough elimination of contaminated kernels.
This study was designed as a laboratory-based exploratory investigation using artificially field-inoculated corn. To detect naturally occurring aflatoxins in corn kernels in grain elevators or critical processing points, multiple stages of work are needed to extrapolate the findings of this work into a practical application. For example, the distribution of contaminated and healthy samples was uneven and skewed in the present study. Kernels were either heavily contaminated or clean, and the number of intermediately contaminated kernels was low. This is because the kernels were collected from fully ripened corn ears with moisture contents lower than 15% two months after artificial inoculation in the field. Larger amounts of intermediately contaminated kernels will be collected in future experiments by harvesting corn ears at different time intervals after field inoculation. In addition, full wavelength ranges of both fluorescence and reflectance were used in this study to fully explore the potential of spectral integration. Considering the two key wavelengths (437 and 537 nm) for fluorescence measurement identified by Yao et al. (2013b) , identification of a few key wavelengths for reflectance measurement should be carried out to further study the integration of fluorescence and reflectance for faster detection. Furthermore, although the yellow corn used in this study is the most common variety, other corn varieties have various colors, which could affect the visible reflectance spectra. Different varieties of corn kernels should be tested in future experiments.
CONCLUSIONS
For the classification of aflatoxin-contaminated and healthy corn kernels, both fluorescence and reflectance VNIR hyperspectral images were employed for integration and comparison purposes. In comparison with healthy kernels, the fluorescence spectral curves of contaminated kernels had peaks shifted to longer wavelengths with lower intensity, and the reflectance values of contaminated kernels were generally lower with a different trend in the range of 700 to 800 nm. The first three PC variables of the training samples showed a certain degree of visual separation for contaminated and healthy sample groups using either fluorescence or reflectance spectra with the endosperm or germ side. LS-SVM and KNN classifiers were used on the fluorescence PC, reflectance PC, and integrated fluorescence and reflectance PC variables on both the endosperm and germ sides. The best overall prediction accuracy of 95.33% was achieved by the LS-SVM model for the 100 ppb threshold on the germ side in the integrated analysis. Overall, the classification results were better for the germ side than for the endosperm side, especially for TPR.
Fluorescence and reflectance image data generally achieved similar classification results, although they have different optical mechanisms. Reflectance is stronger than fluorescence, with easier acquisition, but it is not as sensitive and intrinsic as fluorescence. The integrated analysis achieved better results than separate fluorescence or reflectance analysis on the germ side. Conspicuous improvement in TPR was observed on the germ side, increasing from an average of 84.02% in the fluorescence analysis and 83.34% in the reflectance analysis to an average of 90.01% in the integrated analysis. Additionally, the mean aflatoxin concentration in the prediction samples decreased from 2662.01 ppb to 64.04, 87.33, and 7.59 ppb after the removal of samples that were classified as contaminated when using fluorescence, reflectance, and integrated analysis, respectively, on the germ side. The results so far have demonstrated the potential of the proposed integration technique for more accurate detection of aflatoxins in corn kernels. As fluorescence and reflectance measurements can be made with the same imaging system, further endeavors in the collection of larger numbers of kernels with intermediate contamination levels, identification of a few key wavelengths for reflectance measurement, and testing of different varieties of corn kernels might lead to rapid and non-destructive detection of carcinogenic aflatoxins in the corn industry.
